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Abstract  
A reasonable prediction of the possibility of traffic congestion is able to help traffic managers to make efficient decisions to 
reduce the negative effect of traffic congestion. Previous research has made valuable analyses in this field. However, they rarely 
consider the dependency and uncertainty of traffic jams. In consideration of the characteristics of traffic congestion from 
different perspectives, this research proposes a Bayesian Network (BN) analysis approach to predict the possibility of urban 
traffic congestion. The built-up area of Beijing is taken as the study area of this research. A comprehensive set of variables are 
utilized to reflect the characteristics of traffic congestion from various viewpoints. The BN method is used to analyze the 
uncertainty and probability of traffic congestion, and is proved to be fully capable of representing the stochastic nature of traffic 
congestion. Furthermore, the difference of the congestion probabilities because of applying different urban transport development 
policies is analyzed in comparison. The study results show that the both road construction and bus system development at the 
same time can obviously mitigate traffic congestion for the built-up area of Beijing. In the future research, the impact of the 
comprehensive development of various travel modes on urban traffic congestion needs further studies.  
 
© 2014 The Authors. Published by Elsevier Ltd. 
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1. Introduction  
With the prosperity of economy, the urban traffic demands in China have got unprecedented rapid growths. 
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During the period of "Eleventh Five-year Plan" of Chinese government, the total urban travel demand has been 
increased by about 44.10%, while urban road mileage has been increased by only 26.30%. Because the existing road 
infrastructures cannot meet the traffic demands, traffic congestion become more and more common in a city of 
China. Till the end of 2010, the traffic congestion index (TCI) has reached eight for the urban area within the second 
ring road of Beijing (BTRC, 2011). Facing up to the serious traffic congestion, traffic managers are eager to 
rationally predict the possibility of traffic congestion for their efficient decision-makings. 
Effective and accurate congestion prediction method is an essential part of any successful traffic management 
system. A geographic information systems (GIS) based methodology could estimate congestion and assess the 
reliability of road links and such methods use travel time and travel delays to reflect the level of traffic congestion 
(Pulugurtha et al., 2010). Wang and Wang (2012) establish a traffic flow model based on scale-free networks and 
random networks, and investigate the relationship between direction-depended heterogeneity and traffic congestion 
transition. Arnott (2013) proposes a bathtub model to analyze the traffic congestion in downtown area in rush-hour. 
Previous research has got valuable results. However, they rarely consider the dependency and uncertainty of traffic 
jams. In consideration of the characteristics of traffic congestion, this research uses the Bayesian Network (BN) 
method to accurately predict the probability of urban traffic congestion. The remaining part of this paper is 
organized as follows. In Section 2, the study area, Beijing built-up area, is briefly introduced. After that, the method 
of BN in this study is described in Section 3. Section 4 compares the traffic congestion probabilities because of 
applying different urban transport development policies. Finally, this study is concluded in Section 5. 
2. Study area and survey data  
Traffic congestion is extremely serious in some cities such as Beijing. In this study, the built-up area of Beijing is 
utilized as the study area. The urban traffic congestion is closely related to a series of issues including urbanization, 
road network structure, and so on. The description of the utilized variables in this research is given in Table 1. The 
proportion of severe congestion mileage of road network (Guo et al., 2007) is used to define the severity of the road 
network congestion. Data corresponding to the variables in the BN are collected from Beijing Statistical Yearbook, 
Beijing Transportation Research Center and traffic websites. Data complement methods are also used to make up 
missing data.  
 
      Table 1. Description of the variables 
Variable Description Discrete state description 
 C Proportion of severe congestion mileage of  road network 0 passage clear˗1 congestion 
 K Urban land expansion coefficient 0 lack of expansion˗1 rapid expansion 
 L Density of the road network  0 low˗1 high 
 I Proportion of urban public transport investment  to gross domestic product 0 unreasonable˗1 reasonable 
 O Growth rate of private car ownership rate 0 low˗1 high 
 R Proportion of rail trips to public transport trips 0 low˗1 high 
 B Ten thousand people ownership of buses 0 low˗1 medium; 2 high 
 E Death rate of ten thousand vehicles 0 low˗1 high 
3. Methodology  
3.1. BN learning  
The orders of the variables used in BN method is usually not given in advance. Therefore, it is difficult to give 
the prior structure of the BN. In this research, a directional dependence analysis (Wang, 2010) is adopted to learn a 
BN structure. The purpose of this directional dependence analysis is using statistical or information theoretic 
measures to calculate the conditional independencies between the variables. It can further determine the existence 
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and direction of edges between variables without knowing their orders. And it consists of three parts, namely, 
building undirected graph, determining the directions of the edges of a BN and removing the redundant edges.  
Firstly, we use the Eq. (1) to calculate the mutual information (MI) between any two nodes (variables), and sort it 
in descending order. Then the ordered mutual information is stored in the set L.  
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is the number of configurations for node
1i
X , and 
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x is the number of configurations for node
1j
X . We 
will remove the edge 
1 1i j
e which has the maximal mutual information from the set L to the set E and remove the edge 
1 2i j
e which is in the front of the rest edges in the L. Conditional mutual information is used to identify existence of 
the edge 
1 2i j
e , which is defined in Eq. (2). 
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If  1 2 1,j j iI X X X H! , we will put 21 jie into E. ε=0.01 is given in this study. If all edges in the L are calculated 
according to the above method, an undirected BN is built.  
Secondly, edge orienting problem means to determine the directions of the edges after getting the structure of a 
BN. In view of the simplicity and efficiency, we adopt collision recognition based on conditional mutual 
information to identify directions of edges. 
Last, in order to remove the redundant edges, we will use heuristic algorithm to determine the minimum cut set 
D(Xi , Xj) between Xi and Xj. Then, we can test the redundant edge. For example, if   , ,i j i jI X X D X X H , 
remove the edge; if not , keep it.  
In this research, random sampling is used to utilize the basic data. 55% of the data is used as learning data, and 
the rest is used as validating data. Fig. 1 shows the obtained BN structure for traffic congestion prediction.  
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Fig. 1. BN structure for urban road congestion prediction 
 
After structuring the BN, we ought to prove the validity of the model. Mean absolute percentage error (MAPE) is 
used to indicate the difference between posterior conditional probability which obtains from validating data and real 
conditional probability. The description of MAPE of conditional probability of each variable is given in Table 2. It 
can be seen that the MAPE of conditional probability of each variable is almost less than 0.10. Therefore, we can 
say that the developed BN has a good robustness.  
 
674   Yi Liu et al. /  Procedia - Social and Behavioral Sciences  138 ( 2014 )  671 – 678 
Table 2. MAPE of conditional probability of each variable 
Conditional probability MAPE 
P(C|I) 0.0320 0.0258  
P(R|K,I) 0.0119 0.0357  
P(O|C,L) 0.0165 0.0275  
P(K|I,O) 0.0323 0.1111  
P(E|C,R) 0.0095 0.0286  
P(B|C,I) 0.0476 0.0130 0.0204 
3.2. BN inference 
Bayesian network inference refers to calculating the conditional probability through the mathematical method 
under the condition of a given BN and evidences. Variables used to construct a BN always have strong connections. 
That is, the BN is always a multiply connected network. Therefore, owing to its accuracy and high computational 
efficiency, Clique Tree (Wang, 2010) is considered to deal with the problem of BN inference.  
A Clique Tree consists of two stages which are building Clique Tree and probability calculation. Fig. 2 depicts 
the inference course of Clique Tree. The dashed frame of the upper part is the building process of Clique Tree which 
includes moral graph, triangulating and identifying cliques. The dashed frame of the lower part indicates the 
probability calculation which includes three steps. First, we store probability distribution functions of the BN into 
the corresponding cliques. Then, we can acquire non-global consistent Clique Tree. Second, we set the evidence 
variables in the Clique Tree and find a target clique QC which contains the target variable. In this study, the target 
variable is C. Finally, the information propagation happens to all the cliques. And we will acquire the updated 
probability distribution function h(Q’C). Eq. (3) is used to calculate conditional probability of C, given evidence. 
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Where Q’C is the target clique which has known value of evidences.  
Bayesian Network Triangulating
Building Clique Tree
Moral graph
Identifying Cliques
Initialization
Non-global consistent
Clique Tree
Set up the evidence
Global consistent
Clique Tree
Information propagation
Probabilistic Inference
 
Fig. 2. The inference course of Clique Tree 
 
Kjaerulff (1990) gives the algorithm to structure a Clique Tree. Fig. 3 shows the Clique Tree for congestion 
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inference. It includes four cliques, i.e. Q1, Q2, Q3 and Q4. A Clique Tree must satisfy two important properties which 
are proposed to ensure that the Clique Tree is consistent with the BN. First, a existing clique Q is corresponded to 
the variable X to make sure that X Q  and  X QS  .  XS  is a set of node X and its parent nodes. Second, the 
union set of all the cliques must equal the union set of all variables in the BN. Take variable C as an example, Fig. 3 
shows that there exists a clique Q1 to make sure that 1QC  and   1QC S . And the union set of cliques Q1, Q2, Q3 
and Q4 equal the union set of all variables in the proposed BN. Therefore, we can say that this Clique Tree is 
reasonable. 
 
Q1=CKIRE
Q2=CKIOB
Q4=CL
Q3=CLKO
CKI CL
CKO
 
Fig. 3. Clique Tree for BN inference 
4. Case study  
In this section, we will compare the traffic congestion probabilities of applying different urban transport 
development policies. First, we will describe the base case which means that the government will not take any new 
policy from 2011. Then, we will give the results in three cases. That is, (1) construction of urban roads, (2) 
development of bus system and (3) the combination of (1) with (2). The four cases will compare with each other to 
find the optimum policy to release traffic congestion in the built-up area of Beijing. There are two assumptions in 
these four cases. The first is that traffic safety is a top-priority factor. The discrete state of variable E (i.e. the Death 
rate of ten thousand vehicles) will always be a low value. The second is that traffic infrastructure construction 
investment increases annually.  
4.1. Base case 
Base case assumes that the government does not take any new policy from 2011. Accordingly, the probability of 
traffic congestion in 2015 is predicted. Table 3 shows the discrete state of each variable in base case. We will assign 
values (evidences) of Table 3 into the Clique Tree. Fig. 4(a) shows the Clique Tree with the given evidences. Then, 
we select the clique Q1 as the target clique and use the information propagation to acquire the updated probability 
distribution function. Fig. 4(b) shows the process of information propagation. Therefore, under the condition that the 
government will not take any new policy from 2011, the predictive congestion probability will be 54.33% in 2015. 
 
Table 3. Description of discrete states of each variable in base case 
Variable Description Discrete state description 
 K Urban land expansion coefficient 0 lack of expansion 
 L Density of the road network  0 low 
 I Proportion of urban public transport investment to  gross domestic product 1 reasonable 
 O Growth rate of private car ownership rate 0 low 
 R Proportion of rail trips to public transport trips 1 high 
 B Ten thousand people ownership of buses 1 medium 
 E Death rate of ten thousand vehicles 0 low 
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ïQ1=P(C|I=1)P(E=0|C,R=1)
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                                           (a)                                                                           (b) 
Fig. 4. (a) Set up evidences; (b) Information propagation 
4.2. Case 1: Road construction  
Case 1 means that only roads are constructed from 2011. It is assumed that with the implementation of this policy, 
the total length of urban roads in 2015 is as 1.25 times as that of base case in 2015. The description of discrete state 
of each variable in case 1 is shown in Table 4. Under the condition that the government only constructs urban roads 
from 2011, the predictive congestion probability will be 40.74% in 2015. It is true that simple construction of urban 
roads can mitigate road traffic congestion in Beijing built-up area in the short term, as ever proved by Zhou and 
Wang (2002).  
 
Table 4. Description of discrete states of each variable in case 1 
Variable Description Discrete state description 
 K Urban land expansion coefficient 0 lack of expansion 
 L Density of the road network  1 high 
 I Proportion of urban public transport investment to  gross domestic product 1 reasonable 
 O Growth rate of private car ownership rate 1 high 
 R Proportion of rail trips to public transport trips 1 high 
 B Ten thousand people ownership of buses 1 medium 
 E Death rate of ten thousand vehicles 0 low 
4.3. Case 2: Bus development  
Case 2 means that only the bus system is developed. This policy is implemented through increasing the number 
of buses. We assume that with the implementation of this policy, the number of buses in 2015 is as 1.25 times as 
that of base case in 2015. The description of the discrete state of each variable of case 2 is presented in Table 5. 
With the development of the bus system from 2011, the predictive congestion probability will be 23.50% in 2015. In 
other words, developing bus system can mitigate road traffic congestion well in Beijing built-up area.   
  
Table 5. Description of discrete states of each variable in case 2 
Variable Description Discrete state description 
 K Urban land expansion coefficient 0 lack of expansion 
 L Density of the road network  0 low 
 I Proportion of urban public transport investment to  gross domestic product 0 unreasonable 
 O Growth rate of private car ownership rate 0 low 
 R Proportion of rail trips to public transport trips 0 low 
 B Ten thousand people ownership of buses 2 high 
 E Death rate of ten thousand vehicles 0 low 
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4.4. Case 3: Both road construction and bus development  
Case 3 is the integration of case 1 and case 2. Therefore, both the road construction and bus system development 
are made from 2011. It is assumed that with the implementation of this policy, the total length of urban roads in 
2015 is as 1.25 times as that of base case in 2015 and the number of the buses in 2015 is also as 1.25 times as that of 
base case in 2015. The description of discrete state of each variable in case 3 is shown in Table 6.  
 
     Table 6. Description of discrete states of each variable in case 3 
Variable Description Discrete state description 
 K Urban land expansion coefficient 0 lack of expansion 
 L Density of the road network  1 high 
 I Proportion of urban public transport investment to  gross domestic product 0 unreasonable 
 O Growth rate of private car ownership rate 1 high 
 R Proportion of rail trips to public transport trips 0 low 
 B Ten thousand people ownership of buses 2 high 
 E Death rate of ten thousand vehicles 0 low 
 
If both the road construction and bus system improvement are made from 2011, the predictive congestion 
probability will be 17.62% in 2015. According to case 1, we can know that urban road construction plan will 
increase vehicles. But the increments are small in short time and have a small effect on congestion. According to 
case 2, we can see that the development of bus system will increase the public transport trips and reduce the growth 
of private cars. The predictive road congestion probability of case 3 is reduced by 36.71% in comparison to that of 
base case. It is true that the developments of both road construction and bus system can mitigate road traffic 
congestion best in Beijing built-up area. 
5. Conclusions  
In this research, the urban traffic congestion is predicted with proposing a BN analysis approach. The built-up 
area of Beijing is taken as the study area. The proposed approach is proved to be fully capable of representing the 
stochastic nature of traffic congestion. Furthermore, according to the case study, it is confirmed that both the 
construction of urban roads and development of bus system at the same time can mitigate traffic congestion best in 
Beijing built-up area. In the future research, the effect of the integrated development of different travel modes on 
urban traffic congestion is worthy of further studies.   
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